To date, genome-wide single nucleotide polymorphism (SNP) and copy number variant (CNV) association studies of autism spectrum disorders (ASDs) have led to promising signals but not to easily interpretable or translatable results. Our own genome-wide association study (GWAS) showed significant association to an intergenic SNP near Semaphorin 5A (SEMA5A) and provided evidence for reduced expression of the same gene. In a novel GWAS follow-up approach, we map an expression regulatory pathway for a GWAS candidate gene, SEMA5A, in silico by using population expression and genotype data sets. We find that the SEMA5A regulatory network significantly overlaps rare autism-specific CNVs. The SEMA5A regulatory network includes previous autism candidate genes and regions, including MACROD2, A2BP1, MCPH1, MAST4, CDH8, CADM1, FOXP1, AUTS2, MBD5, 7q21, 20p, USH2A, KIRREL3, DBF4B and RELN, among others. Our results provide: (i) a novel data-derived network implicated in autism, (ii) evidence that the same pathway seeded by an initial SNP association shows association with rare genetic variation in ASDs, (iii) a potential mechanism of action and interpretation for the previous autism candidate genes and genetic variants that fall in this network, and (iv) a novel approach that can be applied to other candidate genes for complex genetic disorders. We take a step towards better understanding of the significance of SEMA5A pathways in autism that can guide interpretation of many other genetic results in ASDs.
INTRODUCTION
Autism spectrum disorders (ASDs) are neurodevelopmental diseases that affect social and communication skills as well as developmentally appropriate behaviors with an onset in early childhood and are strongly genetic. The genetic basis for autism is supported by twin studies (1 -5) and familial correlation in autism-related traits (6 -9) . Several genome-wide association studies (GWASs) have identified common single nucleotide polymorphism (SNP) and rare copy number variant (CNV) association signals (10) (11) (12) (13) (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) . However, it is still a challenge to identify the autism susceptibility genes underlying these associations. SNP association signals often fall into intergenic chromosomal regions or show linkage disequilibrium (LD) extending across multiple variants or genes. CNVs associated with disease often contain multiple genes, among which it has been difficult to identify which gene(s) affect risk for ASDs. Limited sample size puts studies at low power to detect any given locus of modest effect size (as are common in replicated GWAS signals) or to assign pathogenicity to any given rare or unique CNV (of which excess numbers are present in neurodevelopmental disease).
Functional enrichment analysis has been performed on several large data sets, but to date the broad categories implicated, such as ubiquitinylation, microtubule cytoskeleton, glycosylation, CNS development/adhesion, cellular proliferation, projection and motility, and GTPase/Ras signaling (18, 23) , have neither shown consistent signals across data sets nor led to changes in our interpretation of additional genetic signals. Traditional pathway analyses have several major limitations. First, annotation is based on prior knowledge, which is incomplete in the area of developmental neurobiology as well as biased by well-studied processes. It is designed to identify a novel association with a known entity but not to * To whom correspondence should be addressed at: Langley Porter Psychiatric Institute, Nina Ireland Lab, Box F-0984, 401 Parnassus Avenue, Rm. A101, San Francisco, CA 94143-0984, USA. Tel: +1 415 476 7650; Fax: +1 415 476 7389; Email: lauren.weiss@ucsf.edu generate novel networks. Second, the categories implicated in autism to date, such as synaptic genes, are often so broad [e.g. more than 1000 synapse proteins are identified in mammals (24) ] as to make it unlikely that any given gene in the pathway or category would have a high suspicion of influencing risk. In order to overcome these limitations, we propose a data-driven network analysis using rich expression and genetic resources and application of these results to disease data sets of interest for ASDs.
The genome-wide significant signal in our previous GWAS on the Autism Genetic Resource Exchange and National Institute for Mental Health (AGRE-NIMH) multiplex family sample was with an intergenic SNP 80 kb upstream of the SEMA5A gene (17) . The SEMA5A gene encodes an axonal guidance protein important in neurodevelopment (25) . We and others previously showed down-regulation of SEMA5A expression in lymphoblastoid cell line (LCL), blood and brain samples of individuals with ASDs compared with controls (17, 26) . However, the associated SNP was not sufficient to explain the consistently reduced expression of SEMA5A, as this SNP has a low minor allele frequency. We therefore hypothesized that additional regulators of SEMA5A might exist, and if so, could be ASD susceptibility candidates.
In this study, we have examined our hypothesis using in silico expression quantitative trait locus (eQTL) mapping, or identification of genetic loci associated with SEMA5A expression levels, to define an empirical genetic regulatory network for SEMA5A. This includes both primary SEMA5A eQTL regions and secondary eQTL ('eQTL 2 ') master regulatory regions. Subsequent permutation-based analyses were used to test whether the SEMA5A regulatory network (as a whole) is associated with ASDs in large genome-wide data sets. Our approach provides a robust way to find novel susceptibility genes and a network contributing to complex disease with heterogeneous causes, such as ASDs. This novel dataderived network can inform our understanding of the pathophysiology of ASDs, as well as aid in interpretation of past and future genetic data.
RESULTS

SEMA5A eQTL mapping
Our previous genome-wide study identified an intergenic SNP near SEMA5A associated with autism as well as reduced expression of SEMA5A in autism. However, the associated SNP (and its LD proxies) near the SEMA5A locus on chromosome 5p15 could not explain the reduced expression of SEMA5A. Therefore, we sought to identify other genetic regulators of SEMA5A expression that might be important in ASD susceptibility. First, we mapped eQTLs for SEMA5A in a control (CEU) LCL expression and genetic data set. Using SCAN (www.scandb.org) (27) , we identified 12 SNPs near the SEMA5A locus on chromosome 5 with 10 212 , P , 10
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and considered these to comprise cis eQTLs. More surprisingly, we identified 908 autosomal SNPs in trans associated with SEMA5A expression (10 28 , P , 10 24 ) (Supplementary Material, Table S1 ). The 920 SNPs were divided into 245 independent (.1 Mb apart) eQTL clusters (Supplementary Material, Table S1 ). The eQTL positions were mapped onto genes to identify likely eQTL genes. For eQTL clusters not directly overlapping any genes, we chose the single gene nearest to either of the outer SNPs. This resulted in a total of 321 eQTL-associated genes: 87 eQTLs overlapping a single gene, 18 eQTLs overlapping two or more genes, and 140 eQTLs not overlapping a gene for which the nearest gene was selected. Our top 10 SEMA5A eQTLs with smallest minimum P are presented in Table 1 . A hierarchical clustering of expression of eQTL genes revealed 10 major gene clusters (Fig. 1, Supplementary Material,  Fig. S1 ), and SEMA5A was located in one of the clusters, associated closely with 15 other genes (MAST4, FOXP1, MBD5, C9orf30, DNMT3A, EVC, GPR45, GSX1, IPO8, NSF, PROKR1, TRAF2, TXNL1, ZBED5, ZNF100).
SEMA5A eQTL 2 mapping
Because we had identified such an extensive trans-regulatory network associated with SEMA5A expression, we considered the possibility that a small number of upstream 'master regulators' controlled this network. In order to identify putative master regulators, we performed eQTL mapping for expression level of each of the eQTL-associated genes (above) using the same strategy as our SEMA5A eQTL mapping. After obtaining a list of eQTLs for the available expression profiles for 202 eQTL-associated genes, we looked for overlap, specifically regions associated with multiple SEMA5A eQTLs. We call these SEMA5A secondary eQTLs (eQTL 2 s), as they were the eQTLs of the eQTLs of SEMA5A. Twelve eQTL 2 s were identified as associated (P , 10 24 ) with the expression of 10 or more primary SEMA5A eQTL genes ( Table 2 , Fig. 1 ). These 12 regions all contain strong gene regulatory candidates, such as known transcription regulators or genes containing DNAbinding domains (RARB, AUTS2, THRB, RFPL4B, FOXI2,  ZNF521, LMO3, SHPRH), or major regulatory signaling  pathway genes (GNAI1, MAGI2, NRG3, MARCKS, CTGF,  GHITM, DOCK1, SS18, RERGL, TCL1A, BDKRB2, ANGPT4) . Thus, they seem likely candidates for master regulators influencing transcription of multiple genes and ultimately impacting SEMA5A expression downstream.
Common variant association between SEMA5A eQTLs and autism
In addition to the identification of an extensive regulatory network for SEMA5A, we wanted to test our original hypothesis that examining regulators of SEMA5A expression would uncover novel association with ASD risk. We used the original AGRE-NIMH data set in which the GWAS association near SEMA5A was detected as well as two largely independent autism GWAS data sets (Table 3) : the Autism Genome Project (AGP) and Simons Simplex Collection (SSC-V1). We tested the association of combined SEMA5A eQTL regions with autism as a single set. We extracted all SNPs genotyped in each data set within the 245 eQTL clusters (1 Mb flank on each side) and performed a set-based transmission disequilibrium test (TDT), as implemented in PLINK (28) . The combined eQTL SNPs showed significant set-based association in AGRE-NIMH (P ¼ 0.020) and AGP (P ¼ 0.002), but not SSC-V1. A control data set (NHGRI-VU type 2 diabetes) did not show evidence for association. In order to be Human Molecular Genetics, 2013, Vol. 22, No. 14 2961 certain the observed association was not an artifact of our eQTL regions being particularly gene dense, we performed a permutation test and found that the eQTL regions are not more gene dense than equivalent genomic regions (Supplementary Material, Table S1 ). In addition, to ascertain whether the P-values derived from gene-dropping in PLINK were truly adequate to test such a large set of potential variants, we performed a permutation-based test using 245 Fig. S1 ). The number of clusters is set to 10. eQTLs are shown in purple (with LCL expression data available) and grey (with no LCL expression data available). eQTL 2 loci are shown in green with their chromosomal band position indicated, and their connections to the corresponding eQTL genes in green. SEMA5A is shown in pink, with its edge to eQTL nodes in blue. The accession number for the gene-expression data deposited in Gene Expression Omnibus is GSE7851 (80) . Only the CEU sample (N ¼ 87) data are used to map the network here.
2962
Human Molecular Genetics, 2013, Vol. 22, No. 14 equivalent random genomic regions, which showed that the PLINK P-values were inflated, despite relatively low overall genomic inflation in our data sets (l AGRE-NIMH ¼ 1.021; l AGP ¼ 1.018; l SSC-V1 ¼ 1.006). Our permutation-based estimate suggested no association with the full set of SEMA5A eQTLs in any of the three data sets (P AGRE-NIMH ¼ 0.44; Table 4 ). Similarly, we performed a set-based analysis of association using our permutation-derived estimates of significance between SEMA5A eQTL 2 loci and autism to determine whether our putative master regulators are independently Five SNP data sets were used for common polymorphism association analysis. The genotyping platform, number of subjects, number of families and number of high quality markers are shown. Seven autism and two control CNV data sets were used for rare variant association analysis. The genotyping platform, number of subjects and number of families are shown. Human Molecular Genetics, 2013, Vol. 22, No. 14 2963 associated with autism risk. Association was found at P ¼ 0.03 for the set of SNPs in the top eQTL 2 regions in the AGRE-NIMH data set using the permutation-based set analysis (Table 4 ). In the AGP and SSC-V1 replication data sets, we found no association for the set of eQTL 2 SNPs (Table 4 ). The eQTL 2 SNP set was not significantly associated with an unrelated phenotype in the control NHGRI-VU type 2 diabetes data set.
Meta-analysis for SNP association with autism
We performed genotype imputation in order to combine these three autism data sets and carry out meta-analysis. This combined data set has the following desirable features: (i) the existing autism data sets use different genotyping platforms, and imputation can test the same set of markers in the combined data sets; (ii) in a combined data set we can eliminate any sample overlap across data sets and include additional AGRE families genotyped on a different platform (22) , and (iii) we achieve greater statistical power through the increase in sample size. We performed a meta-analysis for SEMA5A eQTLs and eQTL 2 s, and we did not observe association (eQTL P ¼ 0.20; eQTL 2 P ¼ 0.40). In order to be consistent with the combined test for CNVs (described below), we also performed a test for the combined SEMA5A eQTL and eQTL 2 regulatory regions and observe near-significant association with ASDs based on this imputed data set, with P ¼ 0.06 (Table 4) .
Rare variant association between SEMA5A regulatory network and autism Among our initial eQTL and eQTL 2 regions, we recognized several loci that overlapped autism linkage regions, CNVs or point mutations previously observed in autism. Thus, we wanted to formally test the possibility that rare variation in the SEMA5A regulatory network might contribute to autism risk. In order to do this, we developed a permutation test utilizing published CNV data in ASDs. From the published results tables of the large genome-wide CNV studies in autism (Table 3) , we derived lists of autism-specific CNVs [not observed in controls or less than 80% overlap with records in Database of Genomic Variants (DGV)] and tested whether they significantly overlap with the joint list of SEMA5A eQTLs and eQTL 2 s compared with equivalent genomic regions and compared with other eQTL regions defined in the same way sampled from all RefSeq genes. Due to the limited number of autism-specific CNVs, we decided to test SEMA5A eQTL and eQTL 2 regions as a combined regulatory network in order to maximize power. One of the largest subsets from DGV (Wellcome Trust Sanger Institute, WTSI) (29) was tested in addition to the complete DGV record as control data sets. Four of the seven autism data sets showed significant overlap of autism-specific CNVs with SEMA5A eQTL and eQTL 2 regions at P , 0.05 (Table 5 ). This provides strong evidence that rare autism CNVs in our eQTL and eQTL 2 regions are associated with autism. The overlap between CNVs in ACRD and eQTL and eQTL 2 regions is displayed in Figure 2 (and Supplementary Material, Table S1 ). Although the other three autism data sets did not have significant P-values, the odds ratios are elevated compared with the permuted data sets. In testing .50 top GWAS candidate genes with eQTL networks ranging from 18 to 330 eQTLs from unrelated phenotypes, we did not observe any eQTL networks associated in 4/7 autism The result from a set-based TDT test of our SEMA5A eQTL and eQTL 2 regions is shown here for our primary (with and without the original GWAS associated SNP), replication and control data sets. The combined eQTL and eQTL 2 regions were used to perform a set-based TDT test in the meta-analysis data set. a AGRE-NIMH: combined data sets from AGRE (Autism Genetic Resource Exchange, www.agre.org) and NIMH (National Institute for Mental Health, collections of DNA from multiplex and simplex families with ASD by the NIMH Autism Genetics Initiative) (17) . AGP-1M: Autism Genome Project (http://www.autismgenome.org/) (20) . SSC-V1: Simons Simplex Collection V1 Public Cohort (https://sfari.org/simons-simplex-collection) (83) . Imputed: imputed data sets based on AGRE-NIMH, AGP, SSC-V1 and AGRE-CHOP. Both the P-values for separate test (above) and combined tests (below) are shown in the table. NHGRI-VU: Vanderbilt University NUgene Project type 2 diabetes SNP data set (dbGap: phs000237.v1.p1)) (89). b Permutation-based P-value from set-based association tests of SEMA5A eQTLs and eQTL 2 s. P-values , 0.05 are bolded. 
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Human Molecular Genetics, 2013, Vol. 22, No. 14 CNV data sets (data not shown), suggesting that our results are specific to the SEMA5A eQTL network.
DISCUSSION
Previous genome-wide studies in autism have identified candidate genomic regions associated with autism risk (10-23).
However, it is not easy to identify the autism susceptibility genes in these regions because the associated variants are rarely unambiguously tied to a single gene via a straightforward mechanism. Thus, we designed a novel approach based on genetic and expression data. We performed in silico mapping of eQTLs and eQTL 2 s for a GWAS candidate gene, SEMA5A (17), in order to define an empirical regulatory network (Fig. 1) . We identified association between rare autism-specific CNVs and the combined eQTL and eQTL 2 regions. Although several individual data sets did not provide evidence for association, we cannot rule out low power or heterogeneity due to sampling strategies, and we find the weight of the CNV evidence overall to be strong and consistent.
We observed little evidence for association between common polymorphisms in this regulatory network and autism. A single data set showed association with eQTL 2 regions, and the meta-analysis showed near-significant association with autism. These results in contrast to the strong evidence from CNVs could simply reflect the genetic architecture of autism, which to date has shown stronger and more consistent evidence for CNV contribution to ASD risk. Although autism has been shown to have a polygenic SNP contribution, it is relatively modest (20, (30) (31) (32) (33) . These data could also reflect a stronger magnitude of effect for CNVs on gene expression compared with SNPs (34-38).
Our approach, in fact, relies on two significant assumptions which we know are likely to be imperfect. First, the expression and genetic data set used for eQTL mapping were not derived from the tissue of interest nor from affected individuals. Although recent work suggests that eQTL enrichment in autism GWAS is stronger in the brain than in LCLs (39), we are focused on a specific candidate gene network, and therefore require larger data sets than are currently available for the brain or from individuals with ASDs. Based on previous literature suggesting that although absolute expression level may vary across tissue, genetic regulation of expression is similar in primate blood and brain and relevant autism genes can be identified in LCLs (40 -46), we make the assumptions that genetic polymorphisms exert their influence on expression ubiquitously where genes are expressed and that the same relationships observed in normal expression variation in controls will be affected in the disease state of autism. Thus, we are limited to identification of tissue-independent and diseasestatus independent relationships between genetic variation and expression level. Second, for our eQTL 2 mapping, we do not truly know which gene each primary SEMA5A eQTL acts through (or that it acts through a gene at all) and as a conservative unbiased approach have used physical proximity to select eQTL-associated genes, although other approaches such as expression pattern or correlation might introduce less noise into the network to be tested for association. Because we have identified association between genetic variation in the eQTL and eQTL 2 regions and ASD susceptibility under the current design, our assumptions must hold some validity, although we surmise that we have missed some important aspects of the network.
In the new wave of exome and genome sequencing to identify rare sequence variants associated with common, complex disease, it remains an open question whether common polymorphism risk loci likely to have modest individual effects (e.g. subtle expression differences) and rare variants that might have stronger individual effect (e.g. hemizygosity for deletion of multiple genes or protein coding changes) will act in the same pathways. Our novel pathway was entirely defined based on (i) SNP association signal in an autism data set and (ii) SNP data in control LCL expression experiments. Together, these data suggest that rare CNVs show association with autism in a gene expression regulatory pathway defined by SNPs. This pathway might be used to interpret rare variant data, for example, rare CNV or sequence variants overlapping this empirically derived network might have greater a priori likelihood to be pathogenic. Examples of previously identified rare variants that fall into this network are translocations in AUTS2 (eQTL (17), point mutations in CADM1 (eQTL) (56) , exonic deletion, point mutation and chromosomal abnormalities in FOXP1 in autism (51,57 -59) , duplications of MCPH1 (eQTL) (60, 61) , duplication or deletion of MBD5 (eQTL) (51, (62) (63) (64) , deletions of MAST4 (eQTL) (16), CDH8 (eQTL) (65) , A2BP1 (eQTL) in autism (10, 66, 67) , rare variants in KIRREL3 (eQTL) (51), rare complete knockouts in DBF4B, de novo deletion and loss of function of USH2A in autism (68) . Likewise, the overall network evidence might be used to prioritize sub-genome-wide significant SNP signals within these regions for follow-up or make functional interpretation more clear. For example, SNP association was seen near 6q22 (eQTL 2 ) and several regions overlapping eQTLs (chromosomes 2, 4, 5, 11, 13, 20 and 21 and a genome-wide-significant region near MACROD2) (17, 20) . In addition, previous data have shown reduced expression of RELN (eQTL) in autism brain tissue (see Supplementary Material, Table S1 ) (69) .
Semaphorins comprise a large family of molecular cues critical to neural development and also having a variety of functions outside the nervous system. SEMA5A is a transmembrane semaphorin, whose receptor is plexin-B3 (PLXNB3) (70) , encoded on the X chromosome. Little is known about the specific function of SEMA5A, although it appears to play a neurodevelopmental role in axonal guidance and neurite outgrowth (71, 72) . In mouse endothelial cells, SEMA5A plays general roles in downregulating apoptosis (through Akt), increasing migration (through Met tyrosine kinases) and controlling the extracellular matrix (through matrix metalloproteinase 9) (73). An initial SEMA5A knock-out mouse on the 129/Sv/ NMRI background showed embryonic lethality (74) , and a more recent knock-out mouse on the mixed B6/129P2 background found several genotype by sex effects and behavioral differences, but no differences in cognition or social behavior compared with C57BL/6J control mice (75) . Recently, a study in primary human neuronal progenitors from control subjects detected increased expression in SEMA5A at the time point of neuronal differentiation and this was coordinately regulated with other ASD candidate genes (76) . Our study provides additional testable information about a putative regulatory network of SEMA5A, along with support from genetic variation data that it is important in autism risk. In fact, these data suggest the novel hypothesis that SEMA5A is the common downstream effector for all the genes in this network and that autism CNVs in this network act through modulation of SEMA5A expression. A definitive test of this hypothesis might be in a cellular model of ASDs, such as induced pluripotent stem cell (iPSC) derived neurons. If patient-specific iPSCs were generated from individuals with various CNVs in the SEMA5A network defined here and deficits at the neuronal level could be corrected by upregulation of
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Human Molecular Genetics, 2013, Vol. 22, No. 14 SEMA5A, our hypothesis would be substantiated. If this hypothesis is indeed proven by further testing, it suggests a new understanding of the biology of autism, as well as new directions for biomarker and treatment targets in ASDs. Construction of networks underlying core endophenotypes can make it possible to identify the fundamental biological processes that are responsive to genetic or environmental perturbation and can lead directly to alteration of disease risk, as has been successfully done for metabolic traits (77, 78) .
In conclusion, our novel approach successfully took a GWAS-identified candidate gene, SEMA5A, and garnered evidence for rare genetic variant risk in its regulatory network. These data can be used in interpretation of SNP association data, as well as interpretation of rare variants. In sum, our study provides a novel framework for identifying the genetic loci that are likely to contribute to autism risk, and the general approach can be extended to other complex heritable disorders.
MATERIALS AND METHODS
Data sets eQTL mapping
In the SCAN database (http://www.scandb.org/) (27) , LCL expression and genetic experimental data from samples of European descent (CEPH from Utah; CEU) were used to map autosomal eQTLs. The published expression data were generated using the Affymetrix Human Exon 1.0 ST Array (79, 80) . The autosomal SNP genotype data were generated on multiple experimental platforms by the HapMap Project (www. hapmap.org/) (81) . The SNP positions were based on dbSNP 129 from NCBI.
SNP data sets
Autism sample banks and consortia have been used to perform past or ongoing GWAS studies (Table 3) . These include Autism Genetic Resource Exchange (AGRE, www.agre.org) (82), National Institute for Mental Health (NIMH, collections of DNA from multiplex and simplex families with ASD by the NIMH Autism Genetics Initiative), Simons Simplex Collection (SSC-V1, https://sfari.org/simons-simplex-collection, V1 Public Cohort) (83) and Autism Genome Project (AGP, http ://www.autismgenome.org/) (15) . These data sets are not completely independent due to partial sample overlap. The AGRE-NIMH GWAS data set was generated by the Broad Institute of MIT and Harvard and Johns Hopkins Center for Complex Disease Genomics on Affymetrix platforms and includes 1756 affected individuals in 1033 multiplex families with 345 429 high quality markers (17) . The SSC-V1 data set was genotyped on the Illumina 1M array at Yale University. Before quality control, there were 1 231 154 markers. We removed all markers with (i) .4% missingness, (ii) minor allele frequency (MAF) ,1%, (iii) Hardy -Weinberg equilibrium (HWE) P-value less than 10
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, and (iv) markers with MAF ,5% and .0.5% missingness. The final SSC-V1 data set includes data on 698 families with a single child affected with ASDs and 839 246 high-quality markers genotyped. The AGP data set was genotyped at Translational Genomics Research Institute (TGEN) and available via dbGAP (phs000267.v1.p1). The quality control steps are: (i) remove SNPs not on chromosomes 1 to 22, and (ii) the following SNPs are removed due to bad genotyping quality as assessed by visual examination of intensity plots: rs12117357, rs2196826, rs2071004, rs1709905 and rs10419948. The final AGP data set includes 1369 families genotyped for 842 215 markers on Illumina 1M, approximately evenly divided between multiplex and simplex families. From the AGP, SSC-V1 and AGRE-NIMH SNP data sets, a combined SNP data set was generated by imputation (see Materials and Methods for meta-analysis protocol used in imputation). Additional AGRE families genotyped on an Illumina 550K platform from Children's Hospital of Philadelphia (AGRE-CHOP) were included in the imputation (22) . This imputed data set eliminated any overlapping samples and was used for SNP meta-analysis.
Our control SNP data set was the Vanderbilt University NUgene Project: type 2 diabetes SNP data set (NHGRI-VU), available via dbGap (phs000237.v1.p1). This case -control study had 769 cases and 615 controls with 1 199 187 highquality markers genotyped on Illumina 1M.
CNV data sets
Seven autism and two control data sets were analyzed here. Six published autism data sets included: 175 CNVs from the AGP-10K data set on Affymetrix 10K (15), 277 CNVs from the CIHR data set on Affymetrix 550K (13), 315 exon-overlapping CNVs from the AGRE-ACC data set on Illumina HumanHap550 (14), 1020 CNVs from the AGP-1M data set on Illumina 1M (23), 3077 CNVs from the SSC data set on Illumina 1M (12) and 371 CNVs from the Autism Chromosome Rearrangement Database (ACRD) on mixed platforms (84) .
Because the full AGRE-ACC CNV calls were not available in the Supplementary Materials, we performed CNV calling using the raw data from the AGRE portion of this data set and obtained 4719 CNVs as the seventh autism data set. We applied a hidden Markov model (HMM) implemented in PennCNV (85) to detect CNVs in the AGRE data set. We kept the corresponding parameters the same as Bucan et al. (14) to make results comparable. A total of 3554 samples meeting the following criteria were included for individual CNV calling: (i) standard deviation for autosomal log R ratio values (LRR_SD) less than or equal to 0.28; (ii) median B Allele Frequency (BAF_median) larger than or equal to 0.45 and less than or equal to 0.55; (iii) fraction of markers with BAF values between 0.2 and 0.25 or 0.75 and 0.8 (BAF_drift) less than 0.002. We then utilized the family information to perform trio CNV calling for more accurate boundaries. Two additional filtering steps were used to remove CNVs in the repetitive regions: (i) CNVs with more than 50% overlap with four immunoglobulin regions (IGLC1 22q11.22, IGHG1 14q32.33 and IGKC 2p11.2, and the T cell receptor constant chain locus 14q11.2); (ii) CNVs within centromeric and telomeric regions (500 kb flanking windows were added).
Finally, a further filtering process was performed to all the autism data sets to retain autism-specific CNVs with: (i) less than 80% overlap with any variant in the DGV, (ii) greater than 1 kb length, and (iii) on autosomes. The DGV Human Molecular Genetics, 2013, Vol. 22, No. 14 2967
(variation.hg18.v10.nov.2010) contained 27 113 autosomal CNVs in the healthy population (86) and was used as a control data set. The WTSI data set (29) , one of the largest data set components of the DGV, with 2331 autosomal CNVs was tested separately as the second control in order to have a control data set with uniform methods and CNV calling.
Analysis methods
Genotype imputation and meta-analysis protocol First, the phased Hapmap Phase III data set was obtained from http://hapmap.ncbi.nlm.nih.gov/downloads/phasing/2009-02_ phaseIII/HapMap3_r2/ as reference genotypes. Because of population diversity in the autism data sets, we attempted to separate individuals into different populations to improve imputation performance. To accomplish this, each autism data set was merged with the Hapmap data set for identity-by-state clustering and individuals were assigned to one of the five imputation panels based on visual inspection of clustering. The five imputation panels used were built from combinations of the Phased Hapmap III samples. The panels were as follows, Imputation was carried out using the BEAGLE software (http://faculty.washington.edu/browning/beagle/beagle.htm l#download) (87) .
Before the imputation, each autism data set was subjected to stringent quality control and then prepared into subsets of 10 000 continuous SNPs and 300 individuals for feasibility of computation. Each consecutive SNP subset overlapped at least 1000 SNPs. The same chromosomal position cutoffs were applied to the corresponding imputation panel. Genotypes imputed in two SNP subsets were discarded from the subset where its location was closer to the edge to minimize edge effects. All SNPs were aligned to a common strand to ensure imputation accuracy using the BEAGLE strand switching utility (http://www.stat.auckland.ac.nz/~browning/beagle/ strand_switching/strand_switching.html). Imputed genotypes with a posterior probability ,0.9 were set as uncalled. After imputation, SNPs that met the following criteria were removed: (i) Mendelian error rate .1% and (ii) HWE P-value , 1 × 10 210 . In addition, SNPs in AGRE-NIMH (Affymetrix) and AGRE-CHOP data sets with a call rate ,98% and SNPs in SSC-V1 data set with a call rate ,95% were removed. Finally, four data sets were merged and only SNPs with a combined call rate .95% were retained.
After imputation, commonly genotyped SNPs were extracted from the imputed AGRE-NIMH, AGRE-CHOP, SSC-V1and AGP data sets. A DerSimonian -Laird random-effects metaanalysis was used to perform a meta-analysis based on the setbased TDT results for each SNPs in the eQTL and eQTL 2 regions (88). We implemented our meta-analysis routines in the Python programming language (www.python.org) and it is available upon request.
eQTL mapping and definition
In order to identify eQTLs for a given gene expression trait (SEMA5A or primary eQTL-associated gene expression level), we performed association mapping in SCAN with available CEU LCL expression and genotype data using the default threshold of P , 10
24 . The eQTL SNPs were organized into clusters according to their genomic position. In order to define independent loci, we walked along the chromosomes and considered any consecutive SNP with a distance of less than 1 Mb to be within the same locus or cluster and a consecutive SNP with a distance of greater than 1 Mb from the nearest SNP to be a new eQTL cluster. The eQTL gene(s) were assigned to each eQTL cluster as the RefSeq gene(s) overlapping the cluster or the single nearest Refseq gene to the eQTL region if none overlapped. We obtained the expression data for eQTL genes used in SCAN through Gene Expression Omnibus (GSE7851) (80) , which included 87 CEU samples. We then performed a hierarchical clustering (Methods described in Supplementary Material, Fig. S1 ) of this data set with 1-|r| (r, Pearson correlation) as a measurement of distance. In addition, we selected more than 50 top GWAS hits from a variety of human traits, including hypertension, hair color, longevity, HIV-1 control, bone mineral density, prostate cancer, breast cancer, leukemia and heart disease (http://hugenavigator.net/HuGENavigator/gWAHit.do). We mapped the eQTL networks for each of these GWAS candidate genes in a similar way as we did for the SEMA5A gene. The eQTL networks (with 18-350 eQTLs) were used in our rare variant analysis to determine whether the association with autism CNVs was specific to the SEMA5A network.
Set-based SNP analysis and replication
In the first step, we identified all high-quality SNPs within the eQTL and eQTL 2 regions (including a 1 Mb flank in each direction) in each SNP data set. Each data set has different SNP markers directly assayed, therefore the set of SNPs used for association analysis was different across data sets, but no bias in allele frequency or other characteristics was carried over from the SCAN eQTL data set. We then performed a setbased TDT for these markers as implemented in PLINK (28) . This consisted of a TDT for all SNPs in each data set, and determination of the LD structure. In each set, the most significant SNP was selected (P , 0.05) and then the second most significant SNP was included after removing SNPs in LD (r 2 ≥ 0.5) with already selected markers. This was repeated until all SNPs with P , 0.05 were identified. The test statistic was calculated as the mean of single SNP test statistics. In the PLINK implementation of this test, the alleles of each parent were randomly dropped to offspring with a 50:50 probability to obtain a permuted data set and calculate a P-value. However, after discovery that these P-values were inflated in our data, we derived a permutation-based P comparing the test statistic from the SEMA5A eQTL set with test statistics from 100 sets of random genomic regions with the same size as SEMA5A eQTLs.
Permutation CNV analysis
We first did a gene density test of this SEMA5A network to ensure that our CNV burden analysis would not be biased by eQTL and eQTL 2 regions tending to be gene dense. This was achieved by comparing the number of genes in eQTL and eQTL 2 regions with random genomic regions of similar length (10 000 permutations). Due to the relative small size of eQTL 2 regions and relatively few autism-specific CNVs,
2968
Human Molecular Genetics, 2013, Vol. 22, No. 14 we combined the eQTL and eQTL 2 regions to obtain adequate power for our CNV analysis. The contribution of the SEMA5A regulatory network to autism was assessed by estimating the rare CNV burden in this pathway. In each of the nine CNV data sets, we first calculated the total number of CNVs that overlapped with our SEMA5A eQTL and eQTL 2 regions. In the second step, random regions with same length to these eQTL and eQTL 2 regions were sampled from the autosomal genome. Permuting segments with the same length corrects for the difference of CNV size among data sets, because large CNVs have a higher probability of overlap with the random regions. Again, a total number of CNVs that overlapped with these random regions was computed. This was repeated for 10 000 permutations and the corresponding P-value was calculated. Based on the median overlapping number in the permutations, we calculated the odds ratio of overlap for each data set. In order to exclude bias in regions defined by GWAS eQTL data, we performed an additional control. We mapped eQTLs for all RefSeq genes in SCAN and performed a similar permutation test using randomly selected eQTL regions (instead of any genomic region) defined in the same way and with similar size to SEMA5A eQTL regions. The resulting P-values for each autism data set were similar to those derived using genomic regions, so these data are not shown.
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